Several papers have considered the relevance or quality of earnings by examining its relationship to prices, implicitly assuming that the quality of prices (or the market in which prices are set) remains constant. However, the quality of or noise in prices can vary across firms and over time, and trading pressure beyond what can be justified by correlated information about fundamentals can contribute to such variation. So we relax the assumption that the quality of prices is constant and reconsider the relevance of earnings. We construct a firm-specific measure of speculative intensity based on autocorrelation in daily trading volume adjusted for the amount of information available, and find that speculative intensity has a significant positive impact on returns. However, after controlling for speculative intensity, our results confirm a key result of previous research that earnings numbers still matter but departs from other work that suggests that earnings relevance has declined. We find that the explanatory power of earnings surprises has not declined, the influence of speculative intensity has increased, and so the omission of speculative intensity explains the previously documented decline in earnings relevance. This result is robust to excluding loss observations, which is another potential explanation for previous results.
I. Introduction
There is considerable empirical research that shows that earnings are relevant for setting prices and that earnings quality affects prices (see e.g. Lev (1989) ). This research has implicitly assumed that price quality or the quality of the market in which prices are formed remains constant.
1 Given that many of these empirical analyses in prior research use panel data over long periods, extending over three decades or more, it is important to allow for variation in the level of noise in prices. Speculative intensity or mimicking by traders beyond what is justified by information about fundamentals is one source of noise in prices, and can give rise to volatility in financial markets beyond what is caused by volatility in fundamentals or information (De Long et al., 1990) .
Speculative intensity can cause prices to deviate from fundamentals. Conventional wisdom has sometimes suggested that speculative intensity cannot persist, because speculators would incur losses and be arbitraged away. However, recent work has shown this deviation of prices from fundamentals can be sustained when rational participants in the market such as institutional traders have short horizons and cannot successfully employ contrarian strategies to outlast the speculators. 2 Hence speculative intensity can affect prices for long periods of time.
The De Long et al., (1990) and Dow and Gorton (1994) models suggests that speculative intensity can be characterized by traders who mimic other traders for reasons other than correlated information. This suggests that the trading behavior in one period is related to trading behavior in the next period and this can be captured by the autocorrelation in daily volume for a quarter for each stock. But autocorrelation can also occur due to information. We purge the autocorrelation of daily trading volume of such informational effects by regressing it on proxies for the amount of information, such as firm size and the number of firms in an industry (Bhushan, (1989a) ). The residual from this regression is termed as SPEC and is our measure of 1 Exceptions are Dontoh, Radhakrishnan and Ronen(2001) , who assume that the noise in prices is not constant and therefore choose to first measure 'true earnings' and then the quality of earnings directly, i.e. from the deviation of reported earnings from 'true earnings', and Aboody, Hughes and Liu (2002) , who make assumptions that permit them to estimate the error in prices.
speculative intensity. The first objective of our paper is to show that prices respond not only to earnings news but also to speculative intensity.
There is a related theme prominent in recent accounting literature. Lev and Zarowin (1999) and Francis and Schipper (1999) use annual data and suggest that the relevance of earnings is decreasing over time. Landsman and Maydew (2002) use quarterly data, focus on different market statistics (abnormal volume and return volatility, instead of abnormal returns), and offer a dissenting opinion. All of these studies assume that the quality of prices, or of the market in which prices are set, is constant. If this does not hold and speculative intensity affects prices then -as Francis and Schipper (1999) explicitly suggest --the evidence on the relevance of earnings is biased towards the conclusion that earnings numbers matter less. This leads us to our second objective, to reexamine the relevance of earnings over time after controlling for speculative intensity.
We first show that SPEC has a cross-sectional and time series pattern consistent with stylized facts, e.g., speculative intensity is higher in high tech industries than in stable industries like insurance and utilities. Further, the market-wide aggregate of SPEC is consistent with
Shiller's Bubble Expectations Index. Then we address our first objective: our results show that the level of speculative intensity in a firm-quarter (as measured by SPEC) is positively related to the absolute value of the cumulative abnormal returns around an earnings announcement. This suggests that including a control for speculative intensity is important in an analysis of price effects of earnings. We also document that including SPEC in a regression of absolute abnormal returns on absolute unexpected earnings shows that the explanatory power of earnings does not decrease over time. Lastly, we show that the effect of speculative intensity on prices is increasing over time.
The structure of this paper is as follows. In Section II we summarize previous work that we draw upon, while in Section III we describe the construction of our SPEC measure. Section IV describes the rest of the data and provides descriptive statistics. Section V presents our ma in results, and Section VI some additional diagnostic tests. Section VII offers concluding remarks.
II. Related Work and Hypothesis Development
A key question in accounting research is simply whether the earnings number belongs to the common information set used by market participants in setting prices. Empirical research has regressed abnormal returns on unexpected earnings and the coefficient on unexpected earnings has been termed the earnings response coefficient (ERC). It is common in accounting research to estimate the above regression with data spanning 30 or so years (annual data studies such as Hayn [1995] , use data even from 1962). Such regressions assume that the quality of prices or markets across firms and over time is constant, and so any differences in ERCs or explanatory power are ascribed to variations in earnings quality. We assume that the quality in prices or more accurately, of the market in which prices are set, varies inversely with the level of speculative intensity. Prices are influenced not only by information but also by fads that lead to speculative intensity.
This argument relies essentially on ideas in De Long et al (1990) and Kyle and Wang (1997) . De Long et al construct an example in which there is no fundamental uncertainty (so informational issues are moot) yet the presence of irrational noise traders can create risk.
Conventional wisdom before De Long et al (1990) held that irrationality could not persist, as buying high and selling low would cut into trading profits. But De Long et al (1990) showed that such irrational noise traders could persist for long periods if rational traders are risk averse and have short horizons. To drive the irrational traders out of the market the rational traders need to adopt contrarian strategies, e.g. buy when the irrational people are selling. Yet if the rational traders have sufficiently short horizons they may have to cash out before their contrarian strategies begin to bear fruit (e.g. if they are buying when the irrational traders are selling, persistent herding by the latter may keep prices low for very long).
Noise traders who follow a mimicking strategy benefit from the risk that their own participation creates. They make risk averse traders less willing to participate in the market so prices are lower and returns higher, and these higher returns are more likely to be earned by the participating noise traders. Thus there is a positive association between returns and the level of speculative intensity. De Long et al. (1990) also show that if the proportion of irrational noise trading is sufficiently high then even the rational traders will find it optimal to try and predict how the irrational traders will behave, rather than seeking to be guided in any way by their information about fundamentals. Dow and Gorton (1994) further show that agents with short horizons decide on whether to participate in the market based on expectations of subsequent traders following them. When a trader purchases a stock because he knows a firm is going to pay out a high dividend, its stock price goes up. With sufficiently long horizons the trader will realize his profits if he either holds the stock till the dividend declaration date, or if some other trader purchases the shares from him.
If the trader has a short horizon, and cannot hold the stock till the dividend declaration date, then he would buy the stock in the first place only if he believes that another trader will follow him subsequently. So he realizes some profit -in general regardless of whether he has information about fundamentals --from the follower who pushes the price up further and helps him complete the roundtrip transaction. If the probability of a trader following the first trader is low, then there is a lower probability that the first trader would trade at all. Kyle and Wang (1997) show that market structure is not critical to the argument used in this paper. In an imperfectly competitive market in which a market maker sets prices rationally conditional on all public information, they show that even in equilibrium there can be groups of irrational traders who take larger positions than is justified by their information. Their argument does require the existence of some 'pure' noise traders who trade for exogenous reasons regardless of costs. Allen et al (2002) make the point that noise in prices from a mimicking strategy by traders is consistent also with a model of fully rational behavior. The key technical ingredient in their work is the result that the law of iterated expectations does not apply to average beliefs. So in a setting reminiscent of a beauty contest in which agents seek to predict average beliefs as it is average beliefs that determine prices, they tend to weight public information -whether about fundamentals or about anything else -more than they should. This can create the same herding by traders that occurs in De Long et al (1990) even without the assumption of irrationality.
From our perspective the crux of these papers can be summarized as saying that they regard abnormal returns as a function of both unexpected earnings and the degree of mimicking by irrational investors. We call the parameter governing the relation between returns and SPEC the SPEC Response Coefficient. This leads us to our first hypothesis in the alternate form: The effect of speculative intensity on returns has immediate implications for research related to the relevance of earnings over time. Lev and Zarowin (1999) and Francis and Schipper (1999) have documented that there is a secular decline since the 60s not only in the Earnings Response Coefficient (ERC), but also in the explanatory power of unexpected earnings. Landsman and Maydew (1994) find however in the context of quarterly earnings announcements that the information content of earnings is not decreasing and if at all it is increasing over time.
Their metrics of information content are abnormal trading volume and return volatility, which reflect posterior variance and not a change in posterior mean. They find that abnormal trading volume and return volatility have been increasing over time. Information as well as speculative intensity also affect abnormal volume and return volatility. Hence, it is important to separate the effect of information from non-information based trading, regardless of whether information content is defined in terms of mean or variance of posterior returns. Dontoh et al (2001) make the interesting point that relevance of earnings is decreasing only if the quality of prices is assumed constant across time. If the quality of prices is falling over time, then not accounting for the decrease in the quality of prices, could bias the conclusion about the decline of earnings relevance. Dontoh et al. (2001) then adopt the strategy of developing an estimate of the error in each period's earnings. Aboody et al (2002) also have a similar starting point that results pertaining to earnings relevance need to be adjusted for possible mispricing by the market, and make assumptions that allow them to estimate the pricing error in each period.
Our strategy in this paper is complementary to that of Dontoh et. al. (2001) In the next section we focus on the measurement of SPEC (other variables used to test the above hypotheses are defined in Section 4).
III. Measuring speculative intensity
Speculative intensity in general can take many forms, for example, it could consist of strictly random behavior (like picking stocks by throwing darts). This strategy will not generate any time series correlation in trading behavior, or any systematic pressure on prices. We ignore this source of speculation a priori, as we believe that the measurement error that this introduces is small and does not vary systematically across stocks or over time. At worst in our tests this would create a bias in favor of the null of no relationship between returns and SPEC. Herding or following fads on the other hand creates serial correlation in trading volume, gives rise to order imbalances and consequently requires price setting market makers to adjust prices in response to such trading pressure. This is the reason we focus on autocorrelation in daily trading volume as a candidate measure of trading pressure arising from speculative intensity or herding behavior.
Prior work on fads has used the change in volume as a measure of herding (Bikhchandani and Sharma, 2000) . Other research on trading volume has measured dispersion of beliefs of investors (Bamber (1987) , Jain (1988) ), and has focused on a different statistic based on trading volume: market-adjusted abnormal volume.
Autocorrelation in daily trading volume could also result from strictly contrarian strategies: buying a lot when most traders appear to be selling, and vice versa. This strategy would however create less pressure on prices, whereas speculative intensity via mimicking creates more pressure on prices. Further, contrarian strategies would preclude a positive association between autocorrelation in daily trading volume and the absolute value of cumulative abnormal returns, so again in a test of Hypothesis 1 it would create a bias only in favor of the null, making our results more conservative. The financial press has suggested that following fads or herding is often a key factor in trading.
The popular literature on day trading has highlighted how easy it has become for the average person to now participate in chat rooms, access market information, and to place a trade.
A mantra for day traders has been to follow the behavior of previous traders, in the hope that there are in turn enough traders who will follow them, so that they may quickly complete a roundtrip transaction before the market changes direction. Unlike institutional traders, such day traders by and large only have limited resources to invest in private information acquisition or in gaining access to corporate management. So their primary concern is with minimizing order execution risk within a very short horizon, which also explains why volume begets more volume.
However, the bulk of the market has always been institutional trading, even in the 90s.
Why would mimicking or following a fad also be plausible as an equilibrium strategy for institutional investors? Bikhchandani and Sharma (2000) The key idea is that even fund managers at fairly well established fund families feel some pressure to invest in stocks about which they know relatively little. A typical mutual fund manager is faced with a tradeoff between two different risks. The strategy of following the crowd and investing heavily in glamour or fad stocks, even when her information about fundamentals does not always offer much support for these stocks' prospects, carries the risk that the price rise is a speculative bubble that will burst. However, not following the crowd also means incurring a risk: the risk of being correct but not having one's competence recognized in time because the bubble does not burst within the investor's horizon. Given the importance of relative performance evaluation in the mutual fund industry most mutual fund managers and investors have short horizons. This assumption of short horizons plays a key role in De Long et al (1990), Dow and Gorton (1994) , and many similar papers in the asset pricing bubbles literature, in generating an incentive for agents to participate in the market only if they expect others to follow on the same side of the market. It also makes more plausible that in some periods the optimal choice of agents such as mutual fund managers is to follow the crowd. So the mimicking strategy is important not only for day traders but also for institutional traders. This is the key in justifying our measure of speculative intensity, which is derived from the autocorrelation in daily trading volume.
While this particular type of speculative intensity gives rise to autocorrelation in volume, it is clear that such autocorrelation can arise also for informational reasons. Beaver (1968) and Bamber (1986 Bamber ( , 1987 have shown that there is a significant volume response to earnings announcements, while Jain (1988) shows there is a volume response to a variety of other public announcements as well. Suppose correlated information about a firm leaks in small doses over a quarter, that by itself could also cause similar autocorrelation. Hence it is important to make a statistical correction for the possible contribution of informational reasons on the autocorrelation in daily trading volume before using it as a measure of speculative intensity.
The information releases need not all be public or available from sources such as the Dow Jones News Retrieval Service. But previous work (e.g. Bhushan (1989a,b) ) has suggested proxies for the amount of information available in general about a firm. These include measures of firm size suc h as market capitalization or total assets, the number of firms in an industry, the number of analysts, or sales or asset growth. Because analyst data is scarce for earlier periods,
we limit ourselves to using other proxies. So we define SPEC, our measure of mimicking in the following two-step procedure. trading days, and, we filtered out firm-quarters with less than 25 days to ensure we had enough observations for each autocorrelation parameter estimate. After calculating the autocorrelation coefficient for each firm-quarter, to limit the influence of outliers we further trimmed the data by eliminating the extreme one percent from each tail, resulting in 142,841 firm-quarter autocorrelation coefficients. Using Fisher's z-transform we examined the significance of each firm quarter autocorrelation coefficient. This entailed dividing each of the autocorrelation coefficients by the standard deviation of the distribution of autocorrelations. The resulting zscores (over the CRSP universe) range from 0.26 to 23.8, with a mean and median of 6.74 and 6.18 respectively. The first and 99 th percentiles of the z-scores were 0.91 and 17.21 respectively.
So the overwhelming preponderance of z-scores is significantly positive, suggesting a priori a strong possibility that mimicking behavior is important.
We then regress these autocorrelation coefficients on proxies for the amount of information available about each firm, ) ln( iq TA , where TA is the total assets at the end of each quarter, and iq SIC 3 , the number of firms in an industry 6 . We define the corresponding residual from the regression as iq SPEC , the measure of speculative intensity or non-information based trading, in each given firm-quarter. So we have, in the second step:
The adjusted R 2 for the above specification was 86%. We also estimate this equation by 
Properties of SPEC
Since SPEC is simply the residual term in the regression model of equation (1) generally perceived as being more speculative, e.g., hi-tech industries. We also calculated mean SPEC for the 3-digit SIC codes of the high and low technology industries that were identified by Francis and Schipper (1999) . We find that the high tech industry SPEC is significantly higher than the mean low-tech industry SPEC and with a p-value of less than 0.001.
The closest measure of speculative intensity found in previous research is the Bubble Expectations Index in Shiller (1999) . He surveyed the attitudes of institutional investors twice a year, and then constructed an index by aggregating responses to questions dealing with whether an institutional investor felt stock prices were unstable, and would increase only in the short run.
This Bubble Expectations Index can be interpreted either as the degree to which the survey respondents feel investors should be cautious following the date of the survey or as the degree to which they feel there has been an unjustifiable price rise in the immediately preceding period.
This index is computed twice a year.
To the extent that the Bubble Expectations Index is trying to measure behavior not justified by information its goal is to capture roughly what we try to do with SPEC. However This resulted in a sample of 118,666 observations.
Dependent Variable
The cumulative abnormal returns for firm i in quarter q (denoted as CAR iq ) is the sum of the daily abnormal returns for the period beginning two days after the previous quarterly earnings announcement and ending one day after the current announcement. The abnormal return is defined as the firm return less an equally weighted market return from the corresponding size decile calculated over all firms in the CRSP tapes. ABSCAR iq denotes the absolute value of the cumulative abnormal returns (CAR iq positively correlated with the autocorrelation in daily volume (ACC iq ) before we control for the amount of information (using firm size and number of firms in a 3 digit SIC). We find that sales and assets are highly correlated and this suggests why using either or both these variables as proxies for information yields similar values of SPEC. SPEC values are positively and significantly correlated with both the signed and the absolute values of CAR, and UE.
To the extent that mimicking causes volatility in prices and returns, we should expect SPEC to be positively correlated with such measures of volatility. Since prices are not stationary and we have data over a very long period we examine the variance of three different return volatility measures: VARRET (variance of raw daily returns for each quarter), VARADJRET1
(variance of daily returns for each quarter adjusted for value-weighted market returns), and VARADJRET2 (variance of daily returns for each quarter adjusted for equally-weighted market returns). What is most noteworthy in the correlation table is that despite ACC (raw autocorrelation in daily trading volume) and SPEC being significantly positively correlated, our correction for the amount of information has some bite. The correlation between the three measures of return volatility and ACC are negatively correlated, but they are all positively correlated with SPEC. If we think of any autocorrelation in daily volume as a measure of trading pressure, ACC which includes the effect of information besides non-informational trading, has the effect of reducing return vo latility (consistent with a step or spike in returns after news) while SPEC which isolates the non-informational trading pressure results in increased volatility.
Previous work has not tried to disentangle the two effects.
The descriptive statistics of Cumulative Abnormal Returns and Unexpected Earnings are
broadly consistent with what other papers using quarterly data have found (see, e.g. Freeman and Tse (1992) , whose variable definitions are the closest to ours), despite our using a much longer sample period. Signed and absolute cumulative returns are positively related to signed and absolute unexpected earnings at magnitudes that are comparable with prior research.
V. Empirical Design and Results
To test the effect of SPEC on prices we estimate the following regression equation
We need to use absolute values for Cumulative Abnormal Returns and Unexpected Earnings because while SPEC captures speculative intensity beyond what is justified by information, it
does not distinguish between buying pressure and selling pressure generated by speculative intensity. For the case of buying pressure the price movement is positively related to trading pressure; for selling pressure, negatively related. Hence we partition by the sign of CAR, and test if for positive (negative) CAR, CAR is positively (negatively) related to SPEC. This is an attempt to separate the buying and selling pressure on increasing and decreasing returns, respectively. If buying pressure is related to increasing returns then SPEC will be positively related to CAR for positive CAR. Further, if selling pressure is related to negative returns, then SPEC will be negatively related to CAR for negative CAR. Since SPEC is unrelated to information we do not partition by the sign of the unexpected earnings. In the above regression we control for the effect of information on returns by way of absolute unexpected earnings.
Hypothesis 1 suggests that SPEC is positively related to ABSCAR iq and the SPEC Response
Coefficient β 2 should be positive. Table 4 summarizes our regression results related to Hypotheses 1. Column A shows that the regression results of absolute CAR on absolute UE, and confirms that the earnings numbers matter as has been shown in previous papers (Francis and Schipper, 1999) . We also performed the same regression on signed CAR and signed UE and the level of earnings and obtained similar results. In contrast to long window studies of annual data the adjusted R 2 is smaller using quarterly data.
Column B is one test of Hypothesis 1, and shows that speculative intensity (SPEC) is significantly positively associated with returns (absolute CAR). The ERC drops from 0.67 in Column A to 0.62 in Column B. SPEC itself has a coefficient of 0.08 which is very significant (p value < 0.0001). Adjusted R 2 increases to 4% compared with 2% in column A. Taken together this tells us that speculative intensity is an important explanatory variable for returns, and that it is important to control for it before drawing conclusions about ERCs. Column C and D show the results for estimating equation 2 using signed CAR and signed unexpected earnings, whereas SPEC remains unsigned. We find that SPEC is positively related to CAR when CAR is positive and negatively related to CAR when CAR is negative. This further supports hypothesis 1 and shows that speculative intensity affects prices. We also test whether the effect of speculative intensity on returns is symmetric between price increases and price decreases, and find that the effect on positive returns is significantly larger in absolute value than the effect on negative returns (F value = 369.55, p value < 0.0001).
To test whether earnings relevance is decreasing over time (hypothesis 2), we first partition our sample by year, and estimate two equations for each year. First we estimate a regression of absolute UE on absolute CAR to replicate Francis and Schipper (1999) , except that we use absolute values instead of signed values. Next we estimate equation (2), which is a regression of absolute UE and SPEC on absolute CAR by year. The results are shown in Table 5 .
The simple absolute CAR on absolute UE results show a decline of the adjusted R 2 , and a relatively flat trend of the ERC coefficient across the years. The adjusted R 2 of estimating equation (2) on the other hand is relatively flat over time.
To test whether the adjusted R 2 is declining over time we regress time (year less 1971) on the adjusted R 2 . 9 This is similar to the tests employed by Francis and Schipper (1999) . The following equation is estimated.
Adjusted R 2 ,y = β 0 + β 1 * y + ε i (3) where y is the calendar year (less 1971) corresponding to the year of the underlying estimated equation. Hypothesis 2 suggests that when SPEC is included in the model β 1 should not be different from zero. We find similar to Francis and Schipper (1999) that adjusted R 2 is declining over time if SPEC is not included in the returns regression (coefficient = -0.0006, p value = 0.08). However, when SPEC is included in the returns regression there is no relation between adjusted R 2 and time (coefficient = 0.0002, p value = 0.50). This suggests that earnings relevance is not declining over time. However there are two variables in equation (2), absolut e UE and SPEC, and the lack of decline in adjusted R 2 over time could occur due to either of the two variables. Hence we calculate the partial adjusted R 2 for each variable from equation (2) and regress the partial adjusted R 2 on time. We find that the partial R 2 due to unexpected earnings is now not significant (coefficient = -0.0005, p value = 0.12) contrary to the findings of Francis and Schipper (1999) and the partial R 2 due to SPEC is significantly increasing over time (coefficient = 0.0008, p value = 0.03). This result supports hypothesis 2 that earnings relevance is not declining over time after controlling for speculative intensity which contributes to noise in prices.
VI. Further Analysis and Sensitivity Checks
Related to specification
We list below the various additional checks we implemented to examine sensitivity of our results to changes in specification and experimental design.
(a) We use White's (1980) consistent standard errors to control for heteroskedasticity in the error terms of equations 1, 2 and 3. Our results are qualitatively similar to those reported. For example, in Table 4 column B, t statistics for OLS (reported) results for SPEC are t 9 We regress adjusted R 2 on time and also calculate partial adjusted R 2 . In the limit using R 2 (Francis and Schipper, 1999) is the same as using adjusted R 2 .
value=52.25, p value < 0.0001. For the same column, White's (1980) suggesting that irrespective of functional form, speculative intensity affects returns.
(c) In addition to using a continuous value of SPEC, we also create a dummy variable defined as SPECDUMMY. SPEC for all firm quarters is ranked based on their values and divided into three equal fractiles. The SPEC groups were coded as 0 for low SPEC and 1 for high SPEC, and we drop the middle group. Our results shown in Table 4 are robust to using the dummy variable instead of a continuous variable for SPEC. The coefficient for SPECDUMMY is significant and positively related with absolute returns (coefficient = 0.0396, t statistic = 47.87 and p value < 0.0001).
(d) We introduce an interaction term in equation (2) as a specification check. We find that the interaction term between SPEC and absolute unexpected earnings is not significant (coefficient = 0.0747, t statistic = 1.06, p value = 0.288). The coefficient on SPEC is however significant and positive (coefficient = 0.0826, t statistic = 52.29, and p value < 0.001). We also ran the same regression replacing SPEC with ACC (the raw autocorrelation in daily trading volume) and an interaction term between it and UE, and that interaction term was significantly positive. Note that we transform ACC by adjusting for proxies for the amount of information to create SPEC. These results with different interaction terms are consistent with our interpretation of SPEC, as the effect of mimicking beyond what is justified by correlated information.
(e) We split the sample into big and small firms to test whether SPEC is related to returns for both sets of firms. Smaller firms have on average less information available about them, and -if the underlying fundamental uncertainty is the same -this can increase speculative opportunities. This should lead to a higher coefficient on SPEC for smaller firms. We define big firms as those firms with total assets greater than the sample median, and small firms as those firms with total assets less than the sample median. 10 We find that SPEC is positively related to returns for both big (coefficient = 0.053, t statistic = 24.39, p value <0.0001) and small firms (coefficient = 0.071, t statistic = 25.30, p value < 0.0001). We also find that the SPEC coefficient is significantly higher for small firms than for big firms.
(f) Francis and Schipper (1999) investigate whether earnings relevance is the same for high tech versus low tech firms. We split the sample based on the definition of high tech and low tech utilized by Francis and Schipper (1999) and estimate equation 2 to test whether SPEC is related to absolute returns for both high and low tech firms. We find that SPEC is positively related to high tech (coefficient = 0.085, t statistic = 16.95, p value < 0.0001) and to low tech (coefficient = 0.069, t statistic = 12.52, p value < 0.0001) firms returns. Further, the relation between SPEC and absolute returns is significantly higher for high tech firms than for low tech firms (F value = 2.07 and p value = 0.038).
(g) In our main tests the event window used to calculate CAR stretches from the previous earnings announcement to the current earnings announcement. Prior research has also used a narrow announcement window of 3 days around the earnings announcement (Landsman and Maydew (2002) ). We estimated the regressions in Table 4 using this narrow announcement window. Our results are very similar to those reported in Table 4 , however the adjusted R 2 is much smaller.
(h) The event window has been calculated as the number of days from two days after the earnings announcement of quarter (t-1) to one day after the earnings announcement of the current quarter. This means the period over which CAR is calculated is different for different firm quarters because firms do not announce earnings at the same number of days after the end of the quarter, each quarter. Many firms miss their earnings announcements due to unusual circumstances and obtain extensions from the SEC. This yields a distribution of number of days in the event window, with a mean number of days as 90.33. The minimum number of days is 3, and the maximum number of days is 528, and the mode is 90 days. To reduce the effect of outliers in the event window we truncate the data used in the tests to the 5 th and 95 th percentile of the number of days distribution. This deletes 11,549 observations.
Our results in Table 4 are robust to this alternate sample and SPEC is positively and significantly related to Absolute CAR (coefficient 0.0844, t statistic = 51.01 and p value < 0.0001).
Sensitivity checks (a) We estimate equation (1) with an intercept to test whether inclusion of an intercept affects our results. All our results are robust to calculating SPEC using an intercept. The SPEC variable is highly correlated (0.81, p value < 0.0001) with the variable used in Table 4 .
(b) We substitute sales instead of assets as a measure of firm size to proxy for the amount of information existing about a firm. We also add sales as an additional variable to assets as two proxies for firm size. Our results from estimating equation 3 remain robust to calculating SPEC in these alternate ways. The two SPEC measures are correlated (0.90 and 0.98, p values < 0.0001) with the SPEC measure used in Table 4 .
(c) Lakonishok, Shleifer and Vishny (1994) suggest that investors follow growth stocks more than other stocks. This could be the result of greater amount of information available for such growth stocks. Hence we include a sales growth variable to proxy for amount of information when estimating equation 2 and calculating SPEC. Our results are robust to this alternate calculation of SPEC. The SPEC variable is highly correlated (0.98, p value < 0.0001) with the variable used in Table 4 .
(d) Since equation (1) is estimated using a panel of cross section and time series observations, it is necessary to control for firm specific fixed effects. We include a dummy variable for each firm as a firm-specific fixed effect and calculate SPEC after controlling for such fixed effects. Equation (1) has as a regressor firm size which is correlated over time leading to time dependence in the error term. To control for such time dependence we also include an AR (1) term correction for the residuals in addition to the firm-specific fixed effects when calculating SPEC. Our results in equation 3 (Table 4 column B) are robust to both these alternate calculations of SPEC. SPEC is positive and significant (coefficients 0.07, 0.03 and of asset value in the sample. Results are similar to those described above. t statistics 37.24, 14.42 and p value < 0.001 respectively) for the two alternate definitions of SPEC.
(e) For the 90s where we also have substantial data on number of analysts, we added a variable (number of analysts, as reported on I/B/E/S) as a proxy for information to equation (1) and recalculated SPEC. This definition of SPEC is highly correlated with the variable that is used in our main tests (correlation coefficient = 0.95, p-value <<0.0001). Our results for estimating equation (2) are robust to using this alternate definition of SPEC.
(f) For the 90s we also calculate SPEC for firms belonging to indices representing highly speculative sectors such as biotech and information technology firms, and contrasted these with the SPEC measures for firms in a low-speculation sector, the Dow Jones Utility Index.
The SPEC measures for the former were significantly higher than for the latter, confirming that SPEC does capture what we want it to capture.
VII. Concluding remarks
The primary purpose of this paper is to show that it is important to control for speculative intensity and its effect on returns before drawing conclusions with respect to the effect of earnings on returns. Our argument is in two parts. First, we document that our measure of speculative intensity, SPEC, does affect retur ns. Second we show that adding SPEC can affect our conclusions about earnings relevance: our results show that relevance of accounting has not decreased over time. Price quality has declined over time.
So speculative intensity or herding beyond what is justified by information offers a partial explanation of the results in previous work suggesting that earnings numbers may have lost their relevance. Our methodological contribution in this paper has been to show how speculative intensity can be measured. We believe this is of independent interest to capital market researchers. ; where: ACC iq is the autocorrelation coefficient from daily trading volume data,TA is the total assets, SIC3 iq is the number of firms in an industry, and the corresponding residual, is the measure of speculative intensity or non-information based trading, in each given firm iquarter q. CAR iq is the sum of the daily abnormal returns for firm i quarter q for the period beginning two days after the previous quarterly earnings announcement and ending one day after the current announcement.
UE iq is calculated as
Where E iq is the actual quarterly earnings per share for firm i quarter q, and P iq-1 is the price per share of firm i's common stock on the last day of quarter q-1. SPEC iq is the residual term calculated from the following regression:
where ACC iq is the autocorrelation coefficient from daily trading volume data, TA is the total assets, and SIC3 iq , is the number of firms in an industry, and the corresponding residual iq SPEC , is the measure of speculative intensity or non-information based trading, in each given firm i quarter q. This table presents the correlation between select variable for our final sample. All correlations are significant, and have pvalues less than 0.0001. The sample includes companies with positive earnings, valid SPEC values and other data constraints as described in section 5 of the paper.
CAR iq is the sum of the daily abnormal returns for firm i quarter q for the period beginning two days after the previous quarterly earnings announcement and ending one day after the current announcement.
Where E iq is the actual quarterly earnings per share for firm i quarter q, and P iq-1 is the price per share of firm i's common stock on the last day of quarter q-1. SPEC iq is the residual term calculated from the following regression: Where CAR iq is the sum of the daily abnormal returns for firm i quarter q for the period beginning two days after the previous quarterly earnings announcement and ending one day after the current announcement. UE iq is calculated as Where E iq is the actual quarterly earnings per share for firm i quarter q, and P iq-1 is the price per share of firm i's common stock on the last day of quarter q-1.; SPEC iq is the residual term calculated from the following regression: ; where ACC iq is the autocorrelation coefficient from daily trading volume data, TA is the total assets, and SIC3 iq is the number of firms in an industry, and the corresponding residual iq SPEC , is the measure of speculative intensity or non-information based trading, in each given firm i-quarter q. All the regressions use mean-corrected variables, hence intercepts are zero. The last 2 columns report the contribution to the adjusted R-square of the variable indicated, ABSUE or SPEC, holding the other constant. As a function of time, both ERCs are flat, but the SRC is rising significantly. For the Adj.R 2 as a function of time, we find: (a) for UE alone, decreasing (p-value = 0.080) (b) for the full model with both UE and SPEC (p-value =0.5) (c) for the partial R 2 of ABSCAR on UE given SPEC, ne gative (p-value = 0.12) (d) partial R 2 of ABSCAR on SPEC given ABSUE, significantly positive (p-value = 0.03).
